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Abstract: In this study, flow forecasts by data driven models were compared with predictions by 
physically-based models for two (a 25 m2 plane surface and a sub-watershed in the Lower Mekong Basin) 
catchments of contrasting sizes. The comparisons reveal that physically-based models fared worse than 
data driven models, due mainly to the specification of forecast rainfall, which is a necessary input for 
physically-based models. The improper estimation of the loss parameters is also a plausible reason. Data 
driven models therefore represent viable alternatives to physically-based models in flow forecasting. 

1. INTRODUCTION 
Computational models are used for rainfall-runoff modelling 
and forecasting. These models can be broadly categorized as 
physically-based models, statistical models and data-driven 
models. Physically-based include distributed, lumped and 
conceptual models and rely on mathematical equations 
describing the physical laws of mass and momentum 
conservation. Distributed models describe the physics of the 
problem and physical characteristics of the catchment to the 
fullest extent. Lumped models parameterize the catchment 
into smaller sub-areas which are accorded averaged physical 
properties for the sub-areas. Conceptual models rely on mass 
balance and account for the moisture content in mutually 
interrelated storages that are used represent overland flow, 
interflow and baseflow. Statistical models use time series 
analysis techniques to make predictions and data driven 
models employ modern computational intelligence tools in 
prediction.  
Although such models are often used interchangeably in 
rainfall-runoff modelling and forecasting applications, factors 
such as data requirements and model complexity inherent in 
each of these modelling paradigms may render certain 
models more amenable to modelling applications and others 
to forecasting applications. The motivation for this paper is 
thus to elucidate the differences between the modelling 
paradigms and suggest the suitability of these models in the 
context of flow forecasting applications.  A brief introduction 
to the models commonly used is first given, highlighting the 
advantages and limitations in each of the models. This is 
followed by a discussion on the suitability of the models to 
be used in modelling and forecasting with reference to two 
case studies, after which conclusions are drawn. 
2. DESCRIPTION OF MODELS 
2.1  Kinematic Wave Model 
 
The physically-based lumped model approach based on the 
equations of continuity: 
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and the kinematic wave form of the momentum equation: 
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where A is the flow area, Q is the discharge, qi is a source 
term, Sf  is the friction slope, So is the bed slope and x and t 
are the distance and time, respectively, are often used with 
good results. In the application of the kinematic wave 
equation, sub-areas are defined based on a combination of 
overland planes and channels, modelling the rainfall which 
falls on the catchment and eventually flows into the 
collecting channels. Modified forms of the continuity and 
momentum equations are applied for the plane: 
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where y is the flow depth, in is the effective rain (effective 
rain = total rain ± losses), qL is the discharge per unit width 
from the plane into the channel, 
o/noo S D , So is the slope 
of the plane surface, no LV WKH SODQH 0DQQLQJ¶V
roughness,
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where, for a rectangular channel,   
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channel slope, W is the channel width, nc is the  channel 
0DQQLQJ¶V URXJKQHVV DQG  
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 cE  . Equations (3) and (4) 
can be discretized using a finite differencing procedure into 
forms that are suitable for numerical calculations.  
In the evaluation of the effective rain, the Hortonian flow 
concept is often used. This hypothesis is based on the 
principle that overland flow results only when all surface 
storages are filled and when rainfall exceeds the infiltration 
rate. This relation is defined by Horton¶VLQILOWUDWLRQFXUYH 
  ktcoc effff   
     (5) 
where t is time referenced from the beginning of the rainfall 
event, f is the infiltration rate at time t, fc is the infiltration 
capacity, fo is the infiltration capacity at time t = 0 and k is the 
decay constant. The losses arising from a rainfall event are 
therefore abstracted from the measured rain, using Eqn. 5, 
from which the effective rain is obtained. This procedure is 
shown in Fig. 1. 
 
Fig. 1 Loss estimation. 
The kinematic wave model thus takes into account the 
physics of the problem and properties such as infiltration, 
flow networks, channel and catchment parameters and 
heterogeneous surface features are fully represented. In such 
a model, overland and channel flow elements are integrated 
to form individual sub-catchments which are linked with 
other sub-catchments to form the model for an entire 
catchment. In typical catchment models, close to ten 
parameters representing the catchment properties and loss 
characteristics are required. Similarly, for the drainage 
channel, information on the cross-section, slope and channel 
material needs to be specified. In general, these parameters 
can be obtained from digital elevation models (DEMs), soil 
information, and land use maps; however, in practice, these 
parameters are often obtained from calibration since 
information may not be completely available. In addition, an 
estimate of the rainfall abstraction is required, and this needs 
to be obtained by calibration from rainfall and runoff data. 
2.2  Unified Runoff Basin Simulation Model 
The Unified Run-off Basin Simulation (URBS) (Carroll, 
2007) is a conceptual runoff routing model that has been used 
for operational forecasts. The URBS has been used by the 
Australian Bureau of Meteorology (BoM) and also by the 
Changjiang Water Resources Commission (CWRC) in China. 
URBS is a hydrologic modelling program that enables the 
simulation of catchment storage and runoff response by a 
network of conceptual storages representing the stream 
network and reservoirs. It combines two hydrological 
modelling processes into one model: (i) A rainfall runoff 
model, which converts the gross rainfall into net or excess 
rainfall; and (ii) A runoff routing model, which takes the 
excess rainfall as input and converts it into flow.  
For runoff-routing modelling, URBS allows the setup of a 
runoff-routing networked model of sub-catchments based on 
centroidal inflows. Two runoff routing models are available 
to describe catchment and channel storage routing behaviour. 
These are the URBS Basic and Split routing models. The 
Basic model assumes that the catchment and channel storage 
for each sub-catchment is lumped together and represented as 
a single non-linear reservoir. Each conceptual non-linear 
reservoir is represented by the storage-discharge (S-Q) 
relationship: 
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The runoff is then routed through a non-linear catchment: 
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where Scatchment LVFDWFKPHQW VWRUDJHDQG LV FDWFKPHQW ODJ
parameter. For channel routing, the non-linear Muskingum 
model is adopted in which lag time is assumed to be 
proportional to the reach length (Carroll, 2007): 
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where Schannel LVFKDQQHOVWRUDJH.LVFKDQQHOODJSDUDPHWHUI
is reach length factor, L is length of reach, Sc is channel 
slope, Qu is inflow at upstream end of reach, Qd is outflow at 
downstream end of channel reach, x is Muskingum 
translation parameter, n is Muskingum non-linearity 
parameter and n is channel roughness. 
  
     
 
URBS adopts two rainfall loss approaches; event based and 
continuous modelling. Event based modelling requires the 
user to specify the rainfall lost to the catchment before 
surface runoff occurs. This loss is commonly called the initial 
loss. Various loss models can then be used to estimate 
rainfall losses during the event. The URBS model models 
rainfall losses for impervious and pervious areas separately. 
The user however has the option of specifying loss 
parameters that represent both impervious and pervious areas 
if so required. URBS has two methods that can be used to 
include the rainfall excess of continuous rainfall runoff 
modelling. The user can elect to use the URBS simple initial 
loss model or can opt to integrate the results from a third 
party model. More details on rainfall-runoff modeling in 
URBS can be found in Carroll (2007). In order to develop a 
URBS model for a large river basin for a flood forecasting 
problem, a modeler has to perform a number of steps briefly 
described as follows: (i) divide the entire basin into sub-
basins by using a GIS tool such as CatchmentSIM 
(http://www.csse.com.au/) which allows the use of a DEM 
(Digital Elevation Model) as input and provides boundaries 
and sub-basin areas. (ii) Set up and calibrate rainfall-runoff 
URBS models for sub-basins. (iii) Connect the sub-models 
and carry out flow routing to route the runoff to a gauging 
station. (iv) Convert discharge to water level at interested 
gauging stations using rating curves.        
For the Mekong River, the basin is divided into sub-basins 
and modeled by forty nine URBS models which are linked 
together by three channel routing models i.e., from Chiang 
Saen to Kratie, the Tonle Sap system and from Kratie to Tan 
Chau/Chau Doc (Fig. 3). The models were calibrated using 
daily historical hydrological data in the 05&¶VK\GURORJLFDO
database. During operation, rainfall forecasts are obtained 
from the daily Satellite Rainfall Estimates (SRE) provided by 
the National Oceanic and Atmospheric Administration 
(NOAA). SRE is a grid based product of 24 hour rainfalls 
derived from satellite estimates of the cloud top temperatures. 
The data is calibrated by NOAA to a limited number of 
ground truth observations obtained through the World 
Meteorological Organization Global Telecommunication 
System; this number varying from 5 to 35 stations on any 
particular day. 
The above presents the requirements for physically-based 
models used in a typical modelling and forecasting 
applications. In a real-time flood forecasting application, 
estimates of the forecast rain (rainfall forecasting is outside 
the scope of this paper) up to the forecast lead time, L, are 
also required. This is a necessary requirement since rainfall is 
the primary input to a physically-based model.  
2.3 Statistical and Black Box Models 
Models based on time series analysis such as the 
autoregressive (AR), autoregressive-moving average 
(ARMA) and autoregressive-moving average with exogenous 
terms (ARMAX) have been widely used in forecasting 
applications and are thus only briefly mentioned here. The 
mathematical formulation for an ARMA model is given as: 
jjttiitt ddcc JJJIII    1111
  (9) 
where It is linearly related to the past observations, It-1 «Ii 
and the J is the error, i, and j are the order of the series and c1 
... ci, and d1 « dj are constants obtained by optimization. 
However; non-linear models are often used since 
hydrological processes are often non-linear. 
Computational intelligence models such as the artificial 
neural network (ANN), fuzzy inferencing and neuro-fuzzy 
systems are used increasingly in rainfall-runoff modelling. 
There are numerous applications of ANN in rainfall-runoff 
modelling and forecasting in the scientific literature. Yet, in 
spite of the numerous publications on the use of ANN in 
hydrological modelling, this technique has not gained wide 
acceptance in part due to difficulties in determining optimal 
training and architecture, non-uniqueness in the solution, its 
black-box nature, and inability to adapt and extrapolate. In 
spite of these difficulties however, the ANN has been shown 
to produce good results, often when compared with 
physically-based and statistical models. In an effort to 
overcome the black-box nature of the ANN, neuro-fuzzy 
systems (NFS) have recently been used. NFS combine the 
learning and reasoning abilities of the ANN and fuzzy 
inferencing and represents an improvement over the ANN.  
Statistical and computational intelligence models do not rely 
on physical laws in their formulation. These methods operate 
on time series data, thus the minimum data required are 
measured rainfall and flow (or water level). In addition, for 
forecasting applications, rainfall forecast is not required. 
These factors represent a significant advantage over 
physically-based models, where data needs are greater. 
Unlike physically-based models however, statistical and 
computational intelligence models cannot respond when there 
are changes to the processes arising from physical changes to 
the catchment ± this represents a drawback and thus renders 
these types of models unsuitable for modelling applications. 
3. DATA USED 
3.1  Idealized Plane Surface 
The data used in this study were obtained from an outdoor 
experimental plot set up at the Nanyang Technological 
University (Wong and Lim, 2006). A schematic diagram of 
the experimental plot is provided in Fig. 2. The experimental 
plot comprises four 25 m long by 1 m wide testing sections. 
The test section chosen for this study is the asphalt-lined 
overland plane with a slope of 2%, surrounded by a 1 m high 
concrete wall along the two longer sides and the upstream 
end of the section. Runoff was allowed to discharge into 
calibrated weigh tanks to record the flow at the downstream 
end of the test section. The weigh tanks were calibrated prior 
to use, using an electromagnetic flow meter. Two rain 
gauges, placed at 6.25 m from each end of the test section, 
were used to record rainfall. The rainfall data was checked 
for consistency and the average rainfall was used in the 
analysis. Rainfall and runoff data were recorded at 15 sec 

  
     
 
idealized plane surface and the second is a case study of the 
Lower Mekong River. These two studies allow the 
performance the various models to be compared over vastly 
different spatial scales and complexity. 
4.1 Idealized Plane Surface 
In this example, the catchment properties are exactly known, 
thus a physically-based model should yield good results. In a 
forecasting application however, the forecast rainfall has to 
be estimated and the kinematic wave equation then used to 
forecast the flow at L = 1, 2, 4 and 8 time steps ahead, for ten 
different rain events. The runoff for the same ten events were 
also forecasted with an ARMA and three ANN models 
(ANN9R ± 9 antecedent values of rainfall used as inputs, 
ANN9R1Q - 9 antecedent values of rainfall and one 
antecedent value of discharge used as inputs, and ANN2Q - 2 
antecedent values of discharge used as inputs) for the same 
lead times. Note that forecast rainfall was not used as input to 
the ANN model. The mean absolute errors (MAE) of the 
flows predicted by the three models are compared in Fig. 
5(b). Note that in Fig. 5(b), Qt+1, Qt+2, Qt+4 and Qt+8 refer to 
the forecast discharge at L = 1, 2, 4 and 8 time steps ahead, 
and the vertical and error bars indicate the mean and the 
range (minimum to maximum) in results for the ten events. 
The ARMA model provides relatively good results for short 
term forecasts (L )RUL > 2; however, the results of the 
ARMA model are fair, as prediction errors are accumulated 
since the model is recursive. Thus, the ARMA model is not 
suitable for long term forecast applications. In this respect, 
the ARMA model is not very useful since most models can 
give good short term forecasts. Comparing between the three 
ANN models, ANN9R1Q has the smallest average MAE for 
L $WL = 8, ANN9R provides the best results. ANN2Q 
performs well for L EXWLVWKHZRUVWRIWKH$11PRGHOV
for L 7KXVLWFDQEHFRQFOXGHGWKDW$11IRUHFDVWUHVXOWV
are sensitive to the model inputs - ANN9R is best at long 
term forecasts, ANN2Q works well only for short term 
forecasts and ANN9R1Q appears to be a compromise. The 
performance of the ANN as a function of the inputs used is 
instructive. Firstly, the ANN model which contains discharge 
as an input performs well for short term forecasts due to the 
auto-regressive property, since the discharge at a previous 
time step is included as an input to the model that is used to 
predict the discharge at a future time step. Secondly, the 
ANN model which contains rainfall as an input performs well 
for long term forecasts due to the lag time between a rain 
event and the initiation of runoff, thus the flow at a longer 
lead time would be more correlated with the current rainfall. 
The KW model provides relatively good results for short term 
forecasts (L )RUL > 2; however, the results of the KW 
model are fair, due to the errors introduced into the model in 
the rainfall forecasts. In addition, the spread in the results for 
L LVDOVRWKHODUJHVWLQGLFDWLQJWKDWWKH.:PRGHOLVWKH
least reliable model for long term forecasts. These results are 
significant given that the physical parameters of the plane 
surface are completely known. Thus, the errors in the KW 
model can be attributed to the erroneous specification of the 
loss parameters and errors introduced in the rainfall forecasts. 
It is reiterated that the physically-based model has no 
recourse but to include rainfall forecasts and the deterioration 
in the long term forecasts is a result of the increased errors in 
rainfall forecasts as L increases. 
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0
100
200
300
R
a
in
fa
ll
(m
m
/h
r)
0 10 20 30 40 50 60 70 80 90 100
0
0.25
0.5
0.75
1
1.25
1.5
Time (min)
D
is
c
ha
rg
e
(L
/s
)
 
(b.) 
ANN9R
ANN9R1Q
ANN2Q
KW
Constant
ARMA
Q t+1 Q t+2 Q t+4 Q t+8
0
0.05
0.1
0.15
Forecast Discharge
M
A
E
(L
/s
)
 
Fig. 5 (a) Hyetograph and hydrograph for a 
typical event, and (b) Comparison of KW, 
ARMA and ANN model errors for forecasts of 
ten events.  
 
4.2 Lower Mekong River 
A neuro-fuzzy model, based on the Adaptive-Network-Based 
Fuzzy Inference System (ANFIS) was setup to forecast the 
water level at Pakse, Laos (Nguyen and Chua, 2011a,b). The 
general input-output form of the ANFIS model used was: 
 HPakse(t+L) = f{ HPakse(t), HPakse(t-1), HPakse(t-2),  
HSav(t), HSav(t-1), HSav(t-2)}   (10) 
where HPakse is the water level at Pakse and HSav is the water 
level in Savanakhek, located approximately 240 km upstream 
of Pakse. Thus, the ANFIS model relies solely on the 
measured water level at the two stations and no rainfall inputs 
were used.  
A comparison of the performance of the URBS and ANFIS 
models is provided in Fig. 6. Figure 6(a) shows that the MAE 
for both models increase as L increases, which is to be 
expected. The MAE of the URBS model predictions are 
significantly higher that the ANFIS model for L  
however, URBS and ANFIS model errors are similar for L 
  
     
 
4. In this example, the URBS gives a poor 1 lead day 
forecast, faring only slightly better than the naïve model (the 
naïve model assumes that the forecast water level is equal to 
the current water level). The ANFIS model performs well for 
short term (L IRUHFDVWVGXHWRWKHDXWRUHJUHVVLYHHIIHFW
In addition, since the flow travel time from Savanakhek to 
Pakse is about 1 to 2 days, there is also a strong correlation 
between the water levels at Pakse and Savanakhek for L up to 
2 or 3 days. For L KRZHYHU WKLVFRUUHODWLRQGLPLQLVKHV
and the relation between the input variables and HPakse(t + 4) 
and HPakse(t + 5) is less distinct. Although not considered in 
the analysis, it is reasonable to assume that some 
improvements to the long term ANFIS model forecasts could 
be obtained if rainfall were to be included as one of the inputs 
to the model, as mentioned previously. With regards to the 
forecasted water level time series for L = 5, shown in Fig. 
6(b), it is observed that the URBS model over-predicts, while 
the ANFIS model gives more reasonable estimates of the 
peak water levels. It can be observed however that there is a 
phase shift error in the predicted water levels which is 
common to both models. 
(a.) 
 
(b.) 
 
Fig. 6 (a) Comparison of URBS and ANFIS model 
errors for L  «GD\V¶IRUHFDVWVDQGE
Comparison of the predicted and measured water level 
time series during the 2009 wet season for L = 5 days. 
5. CONCLUSIONS 
This study reviewed pertinent features between physically-
based, statistical and data driven models that are commonly 
used in flow forecasting. Model results over vastly spatial 
scales were compared in the light of the differences between 
modelling paradigms. For the two case studies presented, the 
physically-based models in general fared worse that ANN 
and ANFIS models. This is attributed to the requirement for 
the specification of forecast rainfall, which is a necessary 
input for physically-based models. To a lesser extent, 
improper estimation of the loss parameters is also a plausible 
reason, although the loss parameters can be reasonably 
estimated through calibration.  Data driven models on the 
other hand have relatively less stringent requirements on 
input data, the water level (or discharge) at the location of 
interest being the minimum required. As a result, accurate 
short-term forecasts can be expected due to the auto-
regressive property. In practice, however; other inputs such 
as rainfall augmented with data from upstream stations are 
required to improve long term forecast results. Data driven 
models therefore represent viable alternatives to physically-
based models in flow forecasting studies. 
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